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Abstract 
Online processing optimization through adaptive control can provide significant advances in process efficiency, 
tooling life and product quality. This paper describes conventional and enhanced methods for the monitoring and 
control of manufacturing processes. The differences between the available methods, architectures and the 
corresponding equipment are identified and evaluated. A systematic analysis of current and future systems and their 
components is made focusing on adaptive control systems implementation into manufacturing processes. 
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1. Introduction 
There is [1] a variety of reasons for the installation of 
a monitoring system in a manufacturing process. Modern 
manufacturing equipment has to be flexible, sustainable 
and operative with minimum human interface, while 
machine tools have to operate free of errors.  Two major 
problems in the field of metal cutting are tool wear and 
tool breakage, causing frequent downtimes. Tool 
breakage is a major cause of unscheduled stoppage in a 
machining environment, and is costly not only in terms 
of time lost, but also in terms of capital destroyed [1].  
Previous studies state that the amount of downtime due 
to cutter breakage on an average machine tool is on the 
order of 6.8% [2], while others put the figure closer to 
20%  [3].  Manufacturing trends imply the need for 
higher machining speed, lower tool wear and reduction 
in the use of machining fluids in order for an increase to 
be achieved in productivity leading to a way of 
producing “more with less” [4]. Moreover, 
environmental footprint of the products is a key factor in 
today’s manufacturing. The increasing price of energy 
and the current trend of sustainability have exerted new 
pressure on manufacturing enterprises that have to 
reduce energy consumption for both cost saving and 
environmental friendliness. Monitoring and control of 
manufacturing processes is becoming nowadays a driver 
for development and sustainability of manufacturing 
industries. Process monitoring is the manipulation of 
sensor measurements (e.g., force, vision, temperature) in 
determining the state of the processes. A machine tool 
operator performs routine monitoring tasks; for example, 
visually detects missing and broken tools as well as 
chatter from the characteristic sound it generates. 
Unmanned monitoring algorithms utilize filtered sensor 
measurements which, along with operator inputs, 
determine the process state.  The states of complex 
processes are monitored by a sophisticated signal 
processing of sensor measurements. Process control is 
the manipulation of process variables (e.g., feed, speed, 
depth-of-cut) to regulate the processes [5], [6]. Machine 
tool operators perform on-line and off-line process 
control by adjusting feeds and speeds to suppress 
chatter, initiating an emergency stop in response to a tool 
breakage event, rewriting a part program to increase the 
depth-of-cut in order to minimize burr formation and 
many more. 
Adaptive Control (AC) has been introduced as a 
method of optimizing machining variables on-line, 
during the process. AC has been classified [7] into 3 
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main categories: 
 
 ACC Adaptive Control with Constraints 
 ACO Adaptive Control with Optimization 
 GAC Geometry Adaptive Control  
 
Typically, the ACC systems are utilized in roughing 
operations, where the material removal rate is 
maximized through the maintenance of the cutting forces 
at the highest possible rate, so as for the tool not to be in 
danger of breaking down.  
In the ACO systems, machine settings are selected 
for the optimization of a performance index, such as 
production time, unit cost etc. Typically, the ACO 
systems have dealt with adjusting cutting variables for 
the maximisation of the rate of material removal, subject 
to parameter constraints, such as surface roughness, 
power consumption, cutting forces, machining time, cost 
and even more.  
In the GAC systems, the economic process 
optimization problem is dominated by the need for 
product quality, namely dimensional accuracy and/or 
surface finish to be maintained. Such systems are 
typically used in finishing operations with the objective 
of a specific part quality being maintained, despite 
structural deflections and tool wear. 
The purpose of the current study is to review the 
research done on Monitoring and control of 
manufacturing processes, to examine the impact of such 
systems on industry applications and discuss the current 
research directions. 
 
Fig. 1: Process – Monitor – Control Loop 
2. Sensors and sensing devices 
The techniques for the monitoring of machining have 
been traditionally categorized into two methods: 
 Direct 
 Indirect 
The direct monitoring methods can achieve a high 
degree of accuracy, but due to numerous practical 
limitations, they are characterized as laboratory oriented 
techniques. One the other hand, the indirect monitoring 
methods are less accurate but more suitable for practical 
applications, at machine shop level. Auxiliary quantities 
are measured and empirically correlated with machining 
phenomena.  
 
Fig. 2: Typical Multi-sensorial Monitoring System Schematic 
Direct methods require vision systems utilization; 
however, illumination, cutting fluid and more, may 
interfere with the monitoring system and the machine 
tool, leading to an unstable system for production 
environments. Nevertheless, some measurement systems 
have been developed for the evaluation of th tool wear 
with the use of laser sensors that measure displacement 
and light intensity [8].  These methods are promising as 
they can measure flank tool wear greater than 40 μm. 
Moreover, the combination of CCD cameras can be used 
simultaneously for the acquisition of the tool images 
during machining [9]. Based on image acquisition and 
the creation of an image database, containing tools 
stressed under extreme conditions, an algorithm for 
further data processing can be created. 
Due to the stability issues of the direct measurement 
methods, other systems, using signals such as force, 
torque, acoustic emission, acceleration have been 
developed. An important factor of a monitoring system’s 
design is the phenomenon, which data will be acquired 
from, and the decision of the signal characteristic to be 
correlated with the phenomenon. Not all the types of 
sensors are capable of measuring the same phenomenon, 
with the same accuracy.  Load cells are often attached to 
the machine structure for the measurement of cutting 
forces. Expensive dynamometers are often used in 
laboratory settings for precise measurements; however, 
they are impractical for industrial applications. In [10], 
[11] forces in milling operations were predicted from the 
current of the feed axis drive. Torque [12] is typically 
monitored on the spindle unit(s) with strain gauge 
devices. In addition, expensive dynamometers may be 
used, but are cost prohibitive in industrial applications. 
Power from the spindle and axis motors is typically 
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monitored via Hall Effect and inductive sensors. These
sensors may be located in the electrical cabinet,
rendering them easy to be installed and guarded in the
process. Due to the large masses of the used motors
drives, the signal has typically a small bandwidth.
Numerous studies trying to correlate Acoustic
Emissions (AE) with tool condition have been conducted 
[13]-[15]. For instance, in [13], the AE sensors are
utilized for the acquisition of signals and specifically,
the ring-down counts, rise time, event duration,
frequency and event rate, correlating them with the chip
status and consequently, with the tool condition. Using 
the RMS voltage of an AE signal during milling [15], 
the normal tool characteristics from the abnormal ones
are distinguished. However, the AE sensors face some
problems, regarding the radio-wave and electromagnetic
noise.  In [14], an intrinsic optical fiber for the
monitoring of acoustic emissions has been developed in
order for these problems to be overcome.
3. Modelling Systems
A number of schemes, techniques and paradigms
have been used for the development of functional
decision making systems that would derive a conclusion
on machining process conditions, based on sensor 
signals [16]-[18],[2]. The cognitive paradigms most
frequently employed for the purpose of monitoring in
machining, are the Neural Networks (NN) and Fuzzy 
Logic (FL).
3.1 Fuzzy Logic
A fuzzy set is one without crisp, clearly defined 
boundary. It can contain elements with only a partial
degree of membership. A fuzzy set defines a mapping 
between elements in the input space and values in the
interval {0, 1}. A membership function is a curve that 
defines how each point in the input space is mapped to a 
membership value between 0 and 1. The membership
function can be any arbitrary curve, whose shape can be
defined as a function suitable from the point of view of 
simplicity, convenience, speed and efficiency.
Fig. 3: Fuzzy Logic Data Processing
The FL decision making system has been used in
quasi orthogonal cutting of metal alloys with sensor 
fusion of frequency features, extracted from AE signals, 
through diverse forms of signal analysis [19][19]. These
features were processed by a fuzzy logic based pattern
recognition method to develop a multi-purpose 
intelligent sensor system for classification of tool wear.
The results can be considered positive and the FL
decision making system as being capable of taking many 
factors into account.
3.2 Neural Networks
Numerous studies [21, 22, 23] , have been conducted 
in manufacturing, using neural networks specifically, in
machining operations. In [24], the probabilistic NN
(PNN) have been used for automated classification of 
the broaching tool condition by utilizing cutting force
data. 
Moreover, when combining data with more than one
sensors for monitoring, the information should be
synthesized with the appropriate method in order for the
state variables to be determined. In [25], both NN and 
statistical criteria approaches have been used and 
evaluated to combine data derived from multiple
sensors. Additionally [26],in order for a possible failure
of the tool to be predicted, experiments have been
conducted with different tools, such as fresh, worn, with
chipped teeth or even broken ones. NN used as input 
data from multiple sensors and a multi-sensor chatter 
detection system for milling using two accelerometers
and one axial force sensor, embedded in the milling 
machine, have been developed and tested. Good levels
of NN accuracy were obtained from all the single sensor 
signals.
Fig. 4: Neural Network Schematic
4. Control Strategy
Many AC systems have been developed for different
purposes and in different processes from milling [27]-
[31] to robot machining [1].As observed in [27], the
forces vary in 5-axis machining, specifically in impeller 
machining, due to the change of tool orientation, the
depth of cut and the deep immersions, resulting in very 
high machining forces. Therefore, an AC system, in
which are given as input, a reference force, the upper 
limit, and the real-time force measurement, has been
developed. Then, the controller can override the feed-
rate in order for the forces to be kept constant. The
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quality of sensors affects the system’s performance.  
Similarly, the adjustment of the feed-rate for constant 
cutting forces has been investigated into [28]. This 
approach includes both off-line and on-line optimization.  
 
Fig. 5: Adaptive Control System [28] 
The cutting variables were initially determined off-
line, using an adaptive neuro-fuzzy inference system and 
a further optimization was conducted via the Particle 
Swarm Optimization method. During the process, the 
cutting forces were measured and used as input to a NN 
that over-rode the feed-rate by keeping the cutting forces 
constant. The results indicate that the material removal 
rate can be improved by 27%. 
However, the use of dedicated equipment (sensors 
etc) for process monitoring increases the cost of an AC 
system. The spindle motor current has been utilized in 
[29], for the developments of a fuzzy control system, 
aiming at the on-line adjustment of the feed rate.  A 
sensor-less AC system [30] having as an input to the 
controller, the cutting forces of x,y,z axes (measured 
indirectly from the current drawn by each feed-drive 
servo motors) has been tested, resulting in a greatly 
potential solution, due to the absence of additional 
monitoring equipment.  Considerable work needs to be 
done towards the development of parametric algorithms, 
which will accept as input, machine tool variables and be 
adjusted to each case accordingly.  Optimal control of 
the machining process not only does it increase 
productivity but also ensures safety during operation. In 
[31], a force control system technology has been 
developed. This includes two modes of operation; the 
“air-cutting mode” and the “force cutting mode”. In the 
air cutting mode, the tool feed is scheduled through the 
prediction of the air and cutting zones of a CAD/CAM 
system. As a result, the productivity increases. In the 
force control mode, the controller monitors the cutting 
force, the cutting temperature and controls the feed over-
ride, according to the difference between the real and the 
desired cutting force that ensures quality results.  A self-
tuning PI control, with anti-windup scheme for the force 
regulation in the robotic machining process, has been 
proposed in [1]. The dynamic and nonlinear process 
models, which have been used in the control algorithm 
design simulation, have been experimentally identified. 
The proposed self-tuning PI control is effective in force 
regulation during the machining process. The control 
performance and system stability are maintained during 
the process, although the cutting conditions are 
continuously changing. 
4. Conclusion 
Monitoring and control of manufacturing processes 
is becoming nowadays a driver for development and 
sustainability of manufacturing industries.  The AC 
systems can increase the controllability and reliability of 
machining processes. AC has been introduced since 
1960’s but not yet has it matured enough to dominate the 
industrial environment.  This paper summarizes some 
research results over the last years in monitoring systems 
for machining processes, decision making systems and 
AC systems. Nowadays, the need for quality, efficiency 
and sustainability in manufacturing is more important 
than ever before, due to the environmental impact, 
policies and regulations. Consequently, the need for 
implementing AC into production lines, for on-line 
optimization, not only under the scope of tool 
conditioning but also under the prism of making the 
manufacturing more efficient and more sustainable, is of 
great importance. 
5. Future Trends 
The future enhancement of machining systems and 
their operational performance will essentially depend 
upon the development and implementation of innovative 
AC systems. These novel systems will have to be robust, 
reconfigurable, reliable, intelligent and inexpensive in 
order to meet the demands of an advanced 
manufacturing technology.   
The EC FP7 FoFdation project, which targets at the 
future enhancement of machining systems, is one of the 
currently running research projects. FoFdation envisions 
a ‘Smart Factory’ architecture and implementation that 
provides a promising potential of achieving significant 
benefits for the earlier visibility in manufacturing issues. 
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